The demographic Allee effect, or depensation, implies positive association between per capita population growth rate and population size at low abundances, thereby lowering growth ability of sparse populations. This can have far-reaching consequences on population recovery ability and colonization success. In the context of marine fishes, there is a widespread perception that Allee effects are rare or non-existent. However, studies that have failed to detect Allee effects in marine fishes have suffered from several fundamental methodological and data limitations. In the present study, we challenge the prevailing perception about the rarity of Allee effects by analysing nine populations of Atlantic herring (Clupea harengus), using Bayesian statistical methods. We find that populations of the same species can show either strong evidence for Allee effects or compensation. We explicitly demonstrate how the evidence for Allee effects is strongly provisional on observations made at low population abundances. We contrast our statistical approach with previous attempts to detect Allee effects and illustrate methodological issues that can lead to erroneous conclusions about the nature of population dynamics at low abundance. The present study demonstrates that there is no substantive scientific basis to support the perception that Allee effects are rare or non-existent in marine fishes.
Introduction
The ability of a population to grow at low abundances is a determinant of its ability to recover from disturbances and, inversely, makes it resilient to environmental and anthropogenic alterations and minimizes its extinction risk [1, 2] . According to the theory of compensatory population dynamics, populations grow at fastest rates at very low abundances, where intraspecific competition is considered negligible. However, this is not always the case. At low abundances, per capita population growth rate can be positively linked with abundance, such that an abundance decline reduces population productivity. This phenomenon is called the Allee effect, which is sometimes also denoted as depensatory population dynamics [3, 4] . The study of Allee effects is fundamental not only from the classic conservation point of view [5, 6] , but is also intimately linked to many applied issues such as species invasions [7] , reintroductions [8] and the sustainable harvest of natural populations [9] .
While Allee effects have been studied for decades, there still exists substantial confusion surrounding (i) the nature and definition of Allee effects [3, 4] and (ii) how commonplace they actually are [10, 11] . Firstly, a demographic Allee effect, a property of per capita population growth rate with respect to population abundance, is often confused with component Allee effects. For example, the difficulty in finding mates in a sparse population can be one of the component Allee effects, which jointly generates the demographic Allee effect [3] (hereafter the demographic Allee effect is simply denoted as the Allee effect). Secondly, empirical documentation of Allee effects remains rare [10, 12] . This is to some extent implicit, because an Allee effect can only be observed when a population is sparse and, thereby, the sample sizes necessarily remain low. Moreover, many declined terrestrial populations have experienced drastic habitat reductions and fragmentation, such that disentangling an Allee effect from the consequences of habitat alterations on population growth can be inherently impossible [4] . Thirdly, definitions of Allee effects vary, the most conservative view being that an Allee effect must lead to negative population growth, whereas more relaxed definitions simply imply the positive association between the growth rate and the abundance of sparse populations. To clarify the terminology, Hutchings [4] suggested that the population-size thresholds at which the former (strong Allee effects) are realized (termed 'Allee thresholds') distinguished from the latter (weak Allee effects) by what he termed 'Allee-effect thresholds'.
Fishes are an ideal group of species to study Allee effects in natural populations. They are virtually the only natural populations exposed to systematic human-induced mortality worldwide [13] , which has led to large but well-documented fluctuations in population abundances, thanks to population monitoring for fisheries management purposes. Moreover, marine fishes (except for some coral reef species) have not experienced the large-scale habitat destruction common among terrestrial populations, meaning that it is possible to disentangle the roles of Allee effects and habitat on population growth rate [4] . Many intensively harvested fish populations that have declined to low abundances have shown little signs of recovery despite dramatic reductions in fishing mortality [4, 14] . These observations suggest that in many fishes, low-abundance dynamics might not be compensatory [15] and, indeed, some meta-analyses of marine fishes show clear indications of reduced population growth, especially at abundances below 10% of the maximum observed spawning population biomass [16] .
Nonetheless, there exists a widespread perception that Allee effects are extremely unusual among marine fishes [17 -21] . This claim has been supported by meta-analyses that have generally failed to detect evidence for Allee effects in marine fishes, except for few populations/species [16] [17] [18] [19] . However, as we show here, these studies suffer from several fundamental limitations concerning the applied statistical methodology and data availability, particularly at low abundances. By re-examining the quality of evidence provided by previous meta-analyses, we challenge the widespread claim that Allee effects are uncommon in marine fishes. We use Atlantic herring (Clupea harengus) as a study system. The species is ideal for the study of low-abundance dynamics. Because of its long exploitation history, there are several long-term series of observational data encompassing a broad range of abundances. We analyse time series of nine herring populations within the Bayesian statistical framework to investigate (i) evidence for the presence of demographic Allee effects and (ii) the statistical quality and data requirements of this evidence. Our study elucidates what can and cannot be concluded based on the data at hand. We demonstrate the fundamental necessity of observations at low abundances to enable any inference about Allee effects. We conclude that there is no scientific basis to justify the widespread assumption in fisheries science that compensatory population dynamics represents the default relationship between per capita growth rate and population size in marine fishes.
Material and methods
We explored reproductive dynamics with respect to abundance in nine populations of Atlantic herring (C. harengus; hereafter denoted as herring). In the marine fish context, such dynamics are traditionally described using either Beverton -Holt or Ricker stock -recruitment models [21] , which link the biomass of the reproducing population (spawning stock biomass; S) to the production of juveniles that survive up to a size at which they can be captured by a fishing gear (recruits; R). Both the Beverton-Holt and Ricker models assume compensatory dynamics, but they can be extended into versions that have flexible parametrization such that the models can adjust to both compensation and depensation. These model versions are the sigmoidal Beverton-Holt model [17] and the Saila-Lorda model [22, 23] , respectively. Both models include a shape parameter the values of which indicate depensatory dynamics when they exceed '1' (i.e. a demogrpahic Allee effect) at low abundances, whereas values smaller than '1' describe compensatory dynamics. In the following section, we discuss this parameter as 'the depensation parameter' and investigate its estimated values for the dynamics of each herring population.
(a) Data
We focus on time series of S (as a proxy of abundance) and R for nine herring populations. The populations (identified as separate fisheries management units) are 'Celtic Sea and South of Ireland', 'Gulf of Riga', 'Western Baltic spring spawners', 'Eastern Baltic' (subdivisions 25 -29 and 32 excluding Gulf of Riga), 'Bothnia Sea', 'West of Scotland and West of Ireland', 'Icelandic summer-spawners', 'Irish Sea' and 'North Sea autumn spawners'. The data were obtained from ICES working group reports [24 -26] . The time series of S and R we use are estimates generated by stock assessment models and are not observations. However, the used stock assessment models do not assume an underlying stock -recruitment (S -R) relationship. Table 1 summarizes the years that the time series cover for each population, the maximum observed spawning population biomasses, the minimum spawning population biomasses relative to the maximum, the year the minimum was observed, the assessment method used to generate the estimates of S and R and the reference to the corresponding ICES working group.
(b) Models
We fitted S -R models to the data, using the Bayesian statistical framework. This method is particularly well suited for the present study because we investigate (i) whether the populationspecific depensation parameter estimates are larger or smaller than 1 and (ii) the uncertainty associated with the parameter estimates. We model the number of recruits as a lognormally distributed random variable R t log Nðm t , sÞ, ð2:1Þ
where the location parameter m t ¼ log(EðR t ÞÞ À ð1=2Þs 2 , and the scale parameter s controls the uncertainty around the expected value E(R t ). The expected value depends on the choice of the underlying S -R relationship. S -R relationships link together the number of recruits R t and the spawning stock biomass that produced the recruits S t in a given year t. We follow the common assumptions used in earlier studies that S t is known without error, and R t , 8t are mutually independent and share the same location parameter s [17 -19] . To make no restrictive assumptions about population dynamics, we examine two alternative models for S -R relationships that are flexible, allowing for either compensatory or depensatory dynamics, depending on the support by the data.
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The traditional formulation of the Beverton-Holt S-R model is derived from contest competition and can be parametrized as follows:
where R 1 is the asymptotic maximum number of recruits, S 50 is the spawning stock biomass that produces half of the asymptotic maximum number of recruits. The model can be modified by introducing a parameter c SBH that controls the compensation/ depensation as follows:
ð2:3Þ
When c SBH , 1, the model produces compensatory dynamics, c SBH . 1 gives depensatory dynamics and c SBH ¼ 1 is the traditional, compensatory Beverton-Holt model equation (2.2).
(ii) Saila-Lorda S -R model Similarly, the traditional Ricker model, which is derived from scramble competition, is given by
where k is the maximum number of recruits that is produced when S t ¼ S k can be modified to allow for compensation/ depensation by introducing a parameter c SL such that
Similarly, as in the case of the sigmoidal Beverton -Holt model, c SL , 1 produces compensatory dynamics, c SL . 1 depensatory dynamics and c SL ¼ 1 yields the traditional, compensatory Ricker model.
In these models, the depensation parameter c has no straightforward biological meaning, and one can argue that the amount of depensation a given value of c implies depends on the other model parameters. However, when looking for the existence of depensation, if defined as a decrease in the number of recruits per spawner (a proxy for per capita population growth) with declining spawner abundance, these model formulations are adequate.
(c) Posterior inference
Bayesian inference consists of two parts, namely the likelihood function and the prior distribution of the parameters. By combining these two, using the laws of conditional probability, it is then possible to calculate the conditional probability of the parameters given the data, i.e. the posterior probability distribution of the parameters. The likelihood function follows directly from equation (2.1), when we view the probability density function as a function of the parameters and not as a function of the data. The prior distribution, on the other hand, reflects the modeller's prior knowledge (or the lack thereof ) of said parameters.
In our study, our ignorance of the phenomenon we are studying is reflected by assuming very little about the unknown parameters a priori. We started out by using uniform priors for all the model parameters. The priors were S 50 Uð0, S Ã Þ,
s Uð0, 2Þ, c SBH Uð0, 2Þ, c SL Uð0, 2Þ, where the upper limits S* and R* were chosen for each population so that S Ã . S t and R Ã . R t for all t. The numerical values used are presented in electronic supplementary material, table S2. Choosing the uniform distribution over the interval [0, 2] for the depensation parameters seemed reasonable because it would imply equal prior probability for compensation and depensation, and we certainly would not want to bias the results by favouring either outcome a priori. However, in preliminary analyses, we found that, in some cases, most of the resulting posterior marginal probability mass was packed close to the upper limit of the interval. Also, there is no reason why the depensation parameter should be less than two. By exploring different upper limits for the parameter c, we concluded that, at least in the present study, the interval [0, 5] should be wide enough. We could not use a uniform prior over the whole interval because that would have implied 80% prior probability for depensation. Thus, we developed our custom prior density function for the depensation parameters. There were three criteria that we wished to meet: (i) the prior should assign equal probability for depensation and compensation, i.e. pðc 1Þ ¼ pðc . 1Þ, (ii) within the intervals [0, 1] and [1, 5] , all values should be almost equally likely and (iii) the probability density function should be continuous so that the gradient of the log-posterior density can be used when conducting posterior inference. We came up with a two-parameter sigmoidal function as follows:
Here, the parameter q . 1 controls the steepness of the descent from the higher asymptote to the lower asymptote, and r , 1 is approximately half the difference of the upper and lower asymptotic value. Ideally, we would want q to be as close to 1 as possible, but to avoid possible numerical problems with too steep gradients, we use q ¼ 1.001. The value for r was found by The key interest of the present study was to examine the posterior marginal distributions of the depensation parameters pðc SBH jR 1:T , S 1:T Þ and pðc SL jR 1:T , S 1:T Þ for each herring population. The models were fitted using Stan [27] , which is a probabilistic computing language that implements the No-U-Turn sampler [28] , a variant of a Hamiltonian Monte Carlo sampler that uses the gradient of the log-posterior density function for efficient exploration of the parameter space. The computation was carried out in MATLAB, using MatlabStan [29] software. The Stan model descriptions are provided in the electronic supplementary material. Stan produces Markov chain Monte Carlo (MCMC) samples from the posterior distribution of the parameters in an iterative manner. We used the 10 000 first iterations as the warmup period during which the sampler optimizes parameters of the algorithm, and then sampled the next 100 000 iterations to obtain the MCMC samples used to approximate the posterior distribution of the parameters. We also examine the posterior predictive distribution of the number of recruits pðRjS, R 1:T , S 1:T Þ as a function of the spawning stock biomass (S). Furthermore, we calculate the Wakaibe-Akanaki information criterion (WAIC) [30, 31] for both the models to compare the fits. WAIC is a method for estimation of the pointwise out-of-sample prediction accuracy from a fitted Bayesian model, and it can be interpreted as a computationally convenient approximation to Bayesian cross-validation. WAIC can be used to compare different models fitted to the same data.
To examine the explicit role of population dynamics observations at low abundances to detect depensation, we investigated changes in the posterior marginal distributions of the depensation parameter as the amount of input data at low abundances is modified. North Sea autumn spawners were chosen to demonstrate this, as this population provided strong evidence for depensatory dynamics. In this population, there were 11 observations made at abundances below 10% of the maximum observed spawning population abundance (S)-the potential depensation threshold recognized for marine fishes by earlier studies [3, 16] . We compared model fits and posterior marginal distributions of the depensation parameter for the full data and for datasets generated by reducing the observations at the lowest abundances, one point at the time, up to a dataset that was left with only one observation below the 10% threshold.
Results
The sigmoidal Beverton-Holt model provided the best fit to five out of the nine herring populations, whereas four populations were best described by the Saila-Lorda model, although the differences in WAIC were significant only for the North Sea autumn spawners ( figure 1 and table 2 rspb.royalsocietypublishing.org Proc. R. Soc. B 284: 20171284
probability for values larger than 1 for the depensation parameter (figure 2). By contrast, strong evidence for compensatory dynamics was found in four populations, based on 81-86% posterior probability for depensation parameter values less than 1. The evidence for the remaining population was ambiguous ðpðc 1Þ ¼ 0:62Þ, although the mode was less than 1 and the mean very close to 1, suggesting compensatory dynamics. In many cases where data at low abundances were absent, the posterior marginal distribution of the depensation parameter was widespread and the uncertainty about the parameter value was high. This uncertainty surrounding the nature of low-abundance dynamics was reflected by large uncertainty surrounding S-R predictions at low abundances (figure 1) and was particularly notable in populations where observations at low abundances were rare or absent. The role that low-abundance observations play in providing evidence for depensation was illustrated by systematic reduction of leftmost data points with respect to the abundance (x-axis in figure 3) population. As leftmost data points are dropped out, the uncertainty around the model fit ( figure 3 ) and around the estimated value of the depensation parameter increases (figure 4). For example, the 95% posterior probability in the full dataset for values greater than 1 for the depensation parameter drops to 75%, 50% and 14%, along with the reduction of the 2, 3 and 4 leftmost (lowest abundance) observations, respectively, out of the total of 11 observations at abundances below 10% of maximum (figure 4). Along with the reduction of observations, the posterior probability distribution first becomes clearly bimodal, showing the modes relating to compensatory and depensatory dynamics. It then becomes increasingly skewed towards the larger values of the depensation parameter. In the presence of only one observation below 10%, the posterior probability for depensation parameter values less than 1 is 92%, but nonetheless even strong depensation is possible as indicated by the long right tail of the distribution and 8% probability for depensation parameter values larger than 1 ( figure 4) . The general role of the lowest abundance observations in detecting Allee effects could also be seen in the three other herring populations that showed evidence of an Allee effect. Sequential reduction of the lowest abundance datapoints systematically reduced the posterior probability for depensation parameter values greater than 1 (electronic supplementary material, figures S5 -S7).
Discussion
It is well established in the scientific literature that the absence of evidence is not evidence for absence [32] , and this is precisely what the present study demonstrates when it comes to the absence or presence of Allee effects. The emerging message is that there are few empirically defensible reasons to assume a priori that fish population dynamics at low abundances are compensatory. Instead, populations of the same species can show strong statistical evidence for either Allee effects or compensatory dynamics-or the evidence in either direction can be weak. Among the analysed Atlantic herring populations, statistical support for Allee effects was as common as support for compensation (figure 2). Even in the Eastern Baltic population, where the evidence for compensation was strongest, there still remained a 14% possibility for depensation parameter values above 1, indicating an Allee effect. This situation illustrates the key strength of the Bayesian framework in quantifying uncertainty about the expectations: if a clear choice between compensatory and depensatory dynamics cannot be made, uncertainty about the low-abundance dynamics remains large, as illustrated by the wide posterior probability intervals about the mean predictions, for example, in Icelandic summer spawning and Eastern Baltic populations (figures 1 and 2) . In practice, it is difficult to make any predictions about the productivity of such populations at low abundances.
Another key finding of the present study is that the quality of the evidence for Allee effects or lack of them strongly depends on the availability of observations at low abundances. As illustrated by sequential reduction of data points at low abundances, strong evidence for an Allee effect in the North Sea herring population weakens and, despite increasing support for compensation, uncertainty surrounding low-abundance dynamics increases ( figures 3 and 4) . This finding demonstrates that it is impossible to objectively render a distinction between compensatory and depensatory dynamics in the absence of knowledge about the population behaviour at low abundances. rspb.royalsocietypublishing.org Proc. R. Soc. B 284: 20171284
Frequentist statistical approaches or the choice of traditional Ricker or Beverton-Holt models are simply misleading, as they are not able to describe uncertainty associated with low-abundance dynamics. The Irish Sea population is an illustrative example of this: the estimated value for the depensation parameter is very close to 1 (table 2) and, thus, the sigmoidal Beverton-Holt model (figure 1) is very similar to the traditional Beverton-Holt model, which assumes compensatory dynamics.
The dichotomy surrounding the presence or absence of Allee effects in harvested fishes originates from an early meta-analysis of 128 fish populations that detected signals of Allee effects in only 1 out of the 26 populations for which statistical power was considered sufficient in detecting depensation [17] . Later re-analyses of the same data, conducted using hierarchical Bayesian analyses tools, arrived at the conclusion that there are too large uncertainties about low-abundance dynamics to draw any conclusions about the presence of Allee effects [18] . These analyses were criticized for having few data at low abundances, such that detecting an Allee effect is inherently difficult [4] , as was also the case in a more recent meta-analysis that focused on populations that had declined below 20% of their maximum [19] .
In a Bayesian framework, the detection of Allee effects in meta-analyses is greatly affected by how the prior distributions are selected. Hilborn et al. [19] used a modified version of the Deriso model by introducing a depensation parameter 0 , q , 1 [19] . Although the authors did not explicitly state how small q must be to indicate an Allee effect, it is clear that q-values close to 0 indicate compensation. The authors then assumed that q follows a beta-distribution with unknown hyperparameters a and b, and used uniform priors for these hyperparameters. This, however, produces a prior predictive distribution for q for which the mode is very close to 0. Even though the authors stated that in the posterior predictive distribution for q, there is almost no weight for q . 0.04; in fact, they had already assumed a priori that q , 0.04 with approximately 25% probability [19] . If all values of q were possible and assumed as likely, the prior should have been assigned only a 4% probability for q , 0.04. Similarly, q . 0.5 had only 5.5% prior probability, and q . 0.9 less than 1% prior probability (electronic supplementary material, figure  S8 ). The prior's effect on the inference is especially considerable when the amount of data at low abundances is low. These obvious problems surrounding the choice of the prior for the depensation parameter by Hilborn et al. [19] prompted us to develop our novel formulation of the prior distribution that gave equal probabilities for depensation parameter values larger and smaller than 1.
Another recent perspective on the nature of lowabundance dynamics in marine fishes was provided by Keith and Hutchings [16] , who did not use S-R models but split S -R observations into discrete population biomass bins, and assessed whether, at very low abundances, standardized recruit-per-spawner ratios reduced when compared with higher abundances [16] . These analyses focused on interspecific differences and found that Atlantic cod provided strongest evidence for an Allee effect, whereas Atlantic herring showed signals for compensatory dynamics. This finding is partly in contrast to our results, as we found that some herring populations show evidence for Allee effects and some for compensation. To clarify the mechanisms posterior probability density depensation parameter (c) Figure 4 . The development of posterior marginal probability distributions for the depensation parameter for the North Sea autumn spawner population, following the stepwise data reduction as described in the legend of figure 3 and in the Material and methods. With full data (11 observations below 10% of the maximum observed abundance; N 10% ¼ 11), the posterior probability for depensation parameter values larger than 1, and thus an Allee effect, is 95%. As the data at low abundances become thinner (leftmost observations are left out), the posterior probability for depensation parameter values less than 1, and thus compensatory dynamics, increases. As N 10% ¼ 1, 92% of the probability mass suggests depensation parameter values less than 1, although there still remains 8% probability for values larger than 1.
rspb.royalsocietypublishing.org Proc. R. Soc. B 284: 20171284 leading to these two different outcomes, we analysed our herring data similarly to Keith & Hutchings [16] and discovered that the species-level evidence for compensation in Atlantic herring is strongly dependent on whether R per S ratios are standardized at the level of species or populations. Once population-level differences are accounted for, the support for compensation vanishes, leading to a very similar species-level pattern as reported in this study (electronic supplementary material, figure S9 ). This comparison stresses the importance of focusing on populations as the units at the level of which Allee effects potentially manifest: individual populations can substantially differ in terms of their environmental conditions, predation and prey availability, such that low-abundance dynamics can differ considerably from one population to another. The present study contributes to the discussion surrounding the existence of Allee effects in marine fishes in many ways. Firstly, it makes the role of low-abundance observations explicit and suggests that the previously proposed generic 10% abundance threshold (relative to the maximum observed) under which Allee effects might occur [4, 16] might be too high for Atlantic herring and possibly other species as well. Low-abundance data reduction conducted with North Sea herring suggests that posterior probability for compensatory dynamics is above 50% if observations at abundances 0 -5% of maximum are omitted but those at abundances 5-10% are included (figure 4). Thus, observations at the very lowest abundances seem to be critical to arrive at 95% support for depensation. More generally, in all the populations showing evidence towards Allee effects, the evidence was strongly dependent on the lowest abundance observations. These findings highlight the great uncertainty surrounding our ability to draw firm conclusions about the absence or presence of Allee effects at low population sizes. Because of this uncertainty, a precautionary approach would be needed to account for the possibility of reduced population growth at low abundances, especially if (i) data at low abundances are rare and (ii) statistical evidence against or for an Allee effect is weak.
Questions surrounding the choice of the model to describe the relationship between population abundance and growth are another broad topic on which the present study provides novel perspectives. Firstly, our findings question the common practice in fisheries science of applying the same model across populations and sometimes even across species. This study illustrates that considering alternative models that also allow for the presence of Allee effects is important. Secondly, information criteria such as the WAIC used in the present study, or the AIC used by Hilborn et al. [19] , measure how well the model fitted to the data would predict another similar dataset. When data at low abundances are missing, these criteria provide no information about how well the model would predict the low-abundance dynamics.
Moreover, most of the information criteria are defined in such a way that they penalize models with more parameters; as it happens, models that allow for depensation have one more parameter than their compensatory counterparts. So, it is clear that if two models fitted to high abundance data predict another similar high abundance data equally well, the simpler (compensatory) model will be preferred by the information criterion. Although one might try to argue, using Occam's razor, that the simpler model should be selected, the inference is biased by the fact that the depensatory model has more parameters than the compensatory one. Also, adoption of the precautionary approach would advise use of the model with higher uncertainty about low-abundance dynamics. Thus, information criteria are very poor methods of deciding how to model low-abundance dynamics or making assertions about the existence of Allee effects in the absence of observations at low abundances.
For example, in the West of Scotland and West of Ireland herring populations, the posterior probability distribution suggests a 38% probability for an Allee effect and a 62% probability for compensation ( figure 2 and table 2 ). In the presence of such uncertainty between the scenarios, information criterion-based model selection would prefer the traditional Beverton-Holt model (electronic supplementary material, table S1). If this model choice were made, 100% certainty about compensation would be assumed and the true uncertainty about dynamics at low abundances omittedand this would happen even though the probability for depensation parameter values greater than 1 was over onethird. The same phenomenon regarding model selection was observed by Hilborn et al. [19] in their meta-analyses across 113 harvested fish populations: the uncertainty due to the absence of low-abundance data was likely to lead to a model choice that assumed compensation and, thus, rejected the possibility of Allee effects.
The study of Allee effects is a fascinating yet challenging aspect of the dynamics of natural populations. Even though evidence for the existence of Allee effects in fishes is accumulating [3, 4] , their detection is nonetheless notoriously difficult [12] , which can lead to misguided impressions about their prevalence [21, 33] . Overcoming these challenges clearly warrants targeted monitoring of declined populations combined with rigorous consideration of appropriate statistical methods. In general, one should allow the models enough flexibility so that the uncertainty about low-abundance dynamics can be adequately described, and use data to infer the nature of the dynamics unless one knows for certain what the dynamics are. At the same time, the prior distributions for the parameters should reflect our level of ignorance as truthfully as possible, which then together with the flexibility of the models will produce predictions, where true uncertainty is present. Potential gains associated with such endeavours are substantial. In-depth knowledge about the nature of dynamics of populations that have declined or are initially at low abundances can shed light on population recovery potential [1, 4] and the ability of invaders and migrants to colonize new habitats [6] . Understanding the drivers of such processes is imperative for assessing conservation status of populations [2] , and their capacity to migrate along with shifting species ranges [7] as well as for estimating risks related to harvesting [9] and introduction of new species [8] .
